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Computer modeling: prediction of the release curve of oral
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Abstract: Sustained and controlled release preparation is ideal for reducing the side effects of drugs,
improving patient compliance and enhancing efficacy, among which oral sustained-release tablets are the most
widely used. The in vitro release of the preparation is closely related to the in vivo absorption of the drug. However,
current in vitro release experiments are labor-intensive and destructive, and the lack of big data also makes it
difficult to establish good in vivo and in vitro correlations. Computer modeling, as a technical means that can
transform objective principles into mathematical models, has great prospects in data prediction. This review
explores the existing computer modeling methods that can be used to predict in vitro release profiles of oral
sustained-release tablets, and further discusses auxiliary technologies that can improve the accuracy of the models,
providing new ideas for drug development.
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sustained-release tablet; C: Osmotic pump sustained-release tablet
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Figure 2 Schematic diagram of finite element modeling. A: Tablet shape and dimensions to a typical mesh structure in the present finite

element solution; B: The results of the volume rendering from microtomographic reconstruction for formulation and algorithmically created

component arrangement, the skeletonized drawing of the particle distribution (only drug component) is shown after 10 s of simulated

dissolution. Figure 2B adapted from Ref. 22 with permission. Copyright © 2018 by the author (s)
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Figure 3 Machine learning (ML)-related algorithms. A: ML process and algorithm classification; B: Multi-layer perceptron; C: Generative

adversarial network; D: Bayesian neural network
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